Background: Practice guidelines recommend anticoagulation therapy for patients with atrial fibrillation (AF) who have other risk factors putting them at an elevated risk of stroke. These patients remain undertreated, but, with increasing use of electronic healthcare records (EHRs), it may be possible to identify candidates for treatment. Objective: To test algorithms for identifying AF patients who also have known risk factors for stroke and major bleeding using EHR data. Materials and Methods: We evaluated the performance of algorithms using EHR data from the Partners Healthcare System at identifying AF patients and 16 additional conditions that are risk factors in the CHA 2 DS 2 -VASc and HAS-BLED risk scores for stroke and major bleeding. Algorithms were based on information contained in problem lists, billing codes, laboratory data, prescription data, vital status, and clinical notes. The performance of candidate algorithms in 1000 bootstrap resamples was compared to a gold standard of manual chart review by experienced resident physicians. Results: Physicians reviewed 480 patient charts. For 11 conditions, the median positive predictive value (PPV) of the EHR-derived algorithms was greater than 0.90. Although the PPV for some risk factors was poor, the median PPV for identifying patients with a CHA 2 DS 2 -VASc score 2 or a HAS-BLED score 3 was 1.00 and 0.92, respectively. Discussion: We developed and tested a set of algorithms to identify AF patients and known risk factors for stroke and major bleeding using EHR data. Algorithms such as these can be built into EHR systems to facilitate informed decision making and help shift population health management efforts towards patients with the greatest need.
BACKGROUND AND SIGNIFICANCE
There is a wealth of evidence about the effectiveness of anticoagulation therapy to prevent stroke and thromboembolism, with studies reporting up to 68% reduction in risk of ischemic stroke per year among non-valvular atrial fibrillation (AF) patients. [1] [2] [3] Although anticoagulants have been demonstrated to be highly effective at preventing stroke and embolic events among AF patients, they are also known to increase the risk of major bleeding events. 3 Many clinical practice guidelines provide recommendations for a tiered approach to managing AF in which the initiation of preventive anticoagulation therapy is based on estimated risk of stroke. In spite of these guidelines, an estimated 40% of AF patients at high risk of stroke are not treated with anticoagulants. 2 The large proportion of patients with AF who are not managed with anticoagulation therapy can be attributed to many factors. Some of these patients have true contraindications for anticoagulation therapy, but, in other cases, there is a lack of physician awareness of the patient's condition or of guidelines for treatment; a lack of care coordination (regarding which provider is responsible for managing a patient's AF); a lack of time in the face of competing comorbidities; or exaggerated patient or physician perception of the risk of bleeding associated with anticoagulation therapy. 1, 4 The relative proportions of patients in each of these categories are not known. A key frontier in clinical informatics is leveraging the data in electronic health records (EHRs) to improve the quality of care. However, despite large increases in the adoption rate of EHRs associated with the Meaningful Use program (especially Stage 1), EHRbased interventions appear to have had mixed effects on care quality. 5, 6 One of the problems with using EHRs to improve care quality has been that the variables needed to measure and improve care quality may not yet be represented in EHRs in ways that make these data easy to leverage for these purposes. In spite of these challenges, the ability of health information technology to deliver large volumes of data could help increase the proportion of AF patients who are appropriately treated with anticoagulants. Through the application of validated algorithms to EHR data, a health system could flag patients who are at high risk of stroke and have strong indications for treatment; quantify the risk of adverse outcomes, such as major bleeding; and provide this information to patients, physicians, or population health services for targeted interventions to facilitate informed decision making. For AF, there are two scores that have strong evidence to support their use. The CHA 2 DS 2 -VASc score quantifies AF patients' risk of stroke, 7 and the HAS-BLED score measures the risk of major bleeding. 8 Each score ranges from 0 to 9, with higher numbers indicative of higher risk. These scores have been validated and are currently used in clinical guidelines for treating patients with AF. 9-11 AF patients with a CHA 2 DS 2 -VASc score 2 are recognized as being at a high risk of stroke, and should begin anticoagulation therapy. 10 A patient with a HAS-BLED score 3 is considered to be at high risk for major bleeding. 10, 11 The objective of this study was to use data from EHRs to develop and test algorithms for identifying patients with AF as well as the presence or absence of known risk factors for stroke and major bleeding included in the CHA 2 DS 2 -VASc and HAS-BLED scores, and to assess how well the data extracted from the EHRs could be used to measure these scores.
MATERIALS AND METHODS
We extracted data from the Partners HealthCare System Research Patient Data Registry (RPDR), linked to the Centers for Medicare and Medicaid Services (CMS) Part A, B, and D data. The RPDR is a centralized clinical data warehouse for patients seen within the Partners Healthcare System that has been developed to facilitate research. 12 It includes a "rolled-up" subset of information in the EHR, including patient demographics, vital signs, labs and test results, problem list entries, prescribed medications, billing codes, and free text notes for healthcare services provided within the system. The CMS data included claims for dispensed prescriptions as well as diagnoses and procedures for claims stemming from any healthcare system in which the patients received reimbursable care.
We used the RPDR data to identify patients with any mention of AF or atrial flutter in either a billing code or a problem list entry in their EHR between January 1, 2009 and December 31, 2011. We restricted the study population to patients with at least two encounters with either a Brigham and Women's Hospital (BWH) primary care clinic or cardiology unit between January 1, 2009 and December 31, 2011 to capture patients who were "active users" of the healthcare system. We included only patients who could be linked to Medicare claims. From these patients, we randomly sampled 480 patient charts for physician review to establish our gold-standard determinations of the presence or absence of AF and 16 known risk factors for stroke or major bleeding in AF patients. These risk factors included a history of ischemic stroke, transient ischemic attack, systemic embolism, peripheral arterial disease, myocardial infarction, valvular heart disease, hypertension, heart failure, diabetes mellitus, gastrointestinal hemorrhage, intracranial hemorrhage, renal disease, liver disease, medications that cause a predisposal to bleeding (eg, antiplatelet drugs, non-steroidal anti-inflammatory drugs [NSAIDs]), and alcohol abuse. 7, 8 For the gold-standard assessment, we considered all information contained in the EHR prior to December 31, 2011. Four senior medical resident physicians practicing at BWH and who are familiar with the EHR system conducted chart reviews for this project. Each followed a common training protocol that specified criteria for determining the presence or absence of relevant conditions within patient charts. Resident physicians reviewed the sampled patient charts using the same EHR interface (QPID Health 13 ) as they used when providing care for patients at BWH.
We assessed interrater reliability by assigning each pair of residents 40-50 of the same patient charts to review independently. In cases of disagreement, senior author M.A.F., a practicing physician in the BWH system with over 10 years of experience using the EHR, served as adjudicator. The remaining patient charts were reviewed by one of the resident physicians. We calculated kappa statistics to evaluate interrater reliability. Because the kappa statistic is known to be sensitive to the prevalence of the evaluated conditions, we also calculated prevalence and bias-adjusted kappa values. 14 Study data from the resident physicians were collected and managed using the Research Electronic Data Capture electronic data capture tools hosted by Harvard Medical School. 15 We considered several candidate algorithms to identify the presence or absence of each patient condition, including:
1. Only information from the problem list. We evaluated the sensitivity, specificity, positive predictive value (PPV), and negative predictive value (NPV) of each candidate algorithm. The study team selected the best performing algorithms for each condition. The selection was generally based on maximizing PPV and specificity balanced against face validity and the additional complexity of extracting information from unstructured text. We prioritized PPV and specificity over NPV and sensitivity because the intended use of these algorithms would be to flag high-risk patients for targeted intervention. In order to have greater assurance that patients identified as high risk from the algorithms were truly high-risk patients, we chose to minimize false positives at the expense of potentially not capturing all existing patient comorbidities. After selecting the best-performing algorithms, we took 1000 samples with replacement to show variability in performance under repeated sampling.
This project was approved by the BWH Institutional Review Board. The analyses were conducted with RStudio Version 0.99.441 and SAS 9.3.
RESULTS
The initial extraction of patient data was based on a relatively broad definition that included patients who had any evidence of AF. The gold-standard chart review determined that 85.2% of the patient included in the study had AF. The prevalence of risk factors for stroke or major bleeding ranged from a low of 3.5% (liver disease) to 87.3% (hypertension) ( Table 1 ). The concordance between medical chart reviewers was generally good, defined as kappa >0.60 (Figure 1) . Including all conditions assessed in 480 patients by paired reviewers, the median kappa was 0.72, with an interquartile range of 0.54-0.83. The median prevalence and bias-adjusted kappa was 0.88, with an interquartile range of 0.80-0.92.
The selected algorithms to capture conditions from the EHR had a median PPV greater than 0.90 in 1000 bootstrap samples for 11 of 17 conditions (Figure 2 , and Supplementary Appendix Table) .
The remaining conditions had a median PPV between 0.53 and 0. 87. Although PPV for some risk factors was poor, we designed the algorithms to identify conditions that could be aggregated into risk Figure 1 . Concordance between chart reviewers. All reviewer pairs including reviewer 1, independently reviewed 50 of the same charts. Reviewer pairs that did not include reviewer 1 independently reviewed 40 of the same charts. GI, gastrointestinal; Kappa, measure of concordance for different raters after accounting for chance agreement; NSAID, non-steroidal anti-inflammatory drug; PABAK, prevalence and bias-adjusted kappa. scores, and the median PPV for identifying patients with a CHA 2 DS 2 -VASc score 2 or a HAS-BLED score 3 was 1.00 and 0.92, respectively. The specificity of the selected algorithms was also high for most of the conditions, with a median specificity of 14 out of 17 algorithms greater than 0.90. This high PPV and specificity came at a price with respect to sensitivity, which ranged from 0.09-0.88. NPV was also sacrificed to maximize PPV; however, 14 of 17 algorithms still had a median NPV greater than 0.75. The selected algorithms as well as the candidate algorithms considered are included in the Supplementary Appendix. In Figure 3 , we show the distribution of CHA 2 DS 2 -VASc and HAS-BLED scores as calculated based on gold-standard chart reviews as well as the selected algorithms. These figures reflect the high PPV and low sensitivity of the selected algorithms, and show that the algorithms consistently underestimated the gold-standard risk scores. The median difference in CHA 2 DS 2 -VASc scores based on the selected algorithms compared to the gold-standard chart reviews was -1 (interquartile range: -2, 0). The median difference in HAS-BLED scores based on the algorithms compared to the goldstandard chart reviews was 0 (interquartile range: -1, 0).
DISCUSSION AND CONCLUSION
Adoption rates of EHRs have increased rapidly; however, their potential for improving and measuring care quality has not yet been widely realized. This is in part because widespread use of EHRs is still new, but also because the quality of the data they capture is considered suspect by many. AF carries important risks of morbidity and mortality. We developed and tested algorithms to identify patients with AF and known risk factors for stroke and major bleeding using EHR data. Rule-based algorithms such as these can be used to facilitate targeted interventions for patients with chronic diseases -in this case, anticoagulation therapy for AF patients with a high risk of stroke. We also calculated the risk of major bleeding at the point of care to inform decision making. The role of EHRs in improving quality of care is complicated by the sociology of the processes through which clinical data is captured within EHRs; however, we demonstrate that algorithms that combine data from multiple streams of data within EHRs can quite accurately identify complex patients for intervention and measurement of quality.
Our algorithms used many sources of information available in EHRs, including diagnosis codes, laboratory values, prescriptions, and clinical notes. The majority of our selected algorithms were highly effective at identifying true positive AF cases. Their performance relative to algorithms based solely on problem lists highlight what others have shown regarding the underuse of problem lists in clinical practice and the necessity of developing more complex rules to identify patient conditions from EHRs. 16 However, the performance of these algorithms also make it clear that risk scores can be assessed effectively using data from this EHR, through consideration of multiple sources of data. There were several reasons for the lower PPV for a few of the investigated conditions. Systemic embolism and use of NSAIDs were conditions that had relatively low agreement between chart reviewers. The lower PPV of the selected algorithms for these conditions reflected the variability in reviewers' assessments and the nature of these conditions. Systemic embolism includes a very large range of possible outcomes, and patients may have small embolic events of limited or uncertain clinical significance. Because NSAIDs Figure 2 . Sensitivity, specificity, PPV, and NPV of selected algorithms. GI, gastrointestinal; PPV, positive predictive value; NPV, negative predictive value; NSAID, non-steroidal anti-inflammatory drug; Spe, Specificity; Sen, Sensitivity.
are available over-the-counter, they are not always found in medication lists or paid claims records and exposure may be hard to determine, though it can be assessed by evaluating free text mentions in clinician notes. In contrast, although reviewer assessments were highly concordant for gastrointestinal hemorrhage, the PPV of the selected algorithm was only 0.75. The lower PPV was likely due to the reviewers' ability to find additional evidence from free text notes and assess the severity of bleeding. Some of our candidate models did include some natural language processing for additional evidence on gastrointestinal hemorrhage; however, those algorithms were not selected due to the greatly reduced sensitivity compared to other candidate algorithms. For diabetes mellitus and intracranial hemorrhage, although some candidate algorithms did have a PPV greater than 0.90, we selected algorithms for which sensitivity or NPV were greatly increased at the expense of small decreases in PPV or specificity.
The strengths of our study include the high concordance between our chart reviewers and the use of data collected by many structured and unstructured fields within the EHR. In addition to developing algorithms with a high PPV for identifying individual conditions, these algorithms have immediate utility in a clinical context. Together, they capture a patient's overall risk of stroke or major bleeding via established risk scores such as the CHA 2 DS 2 -VASc and HAS-BLED scores. By design, the algorithms were chosen to have a higher PPV at the expense of sensitivity and NPV. This means that although the algorithms may miss some patients who are at high risk of stroke or bleeding, clinicians may be confident that patients who are identified by the EHR-based algorithms as being high-risk patients are truly at a high risk. We reviewed a large random sample of 480 patient charts that we can expect to be reflective of all patient charts meeting the selection criteria of this study.
Our next step will be to take these algorithms one step further and test their effectiveness at targeting population health efforts and facilitating informed decision making. We are launching a randomized intervention study that will use these algorithms to identify patients within BWH primary care clinics who should receive anticoagulation therapy due to having a high risk of stroke. If these patients are not treated, they will be flagged for additional intervention from a specialized care team. Reasons for not giving patients anticoagulation therapy will be recorded to reveal barriers and potential solutions as the intervention evolves within a learning healthcare system. 17 Our approach to harnessing the EHR for generating practice-based evidence 18 is readily adaptable to other clinical contexts. The Health Information Technology Policy Committee recommended active maintenance of problem lists in the 2009 "Meaningful Use" guidelines. 19 Detailed problem lists can provide a valuable tool for clinicians and researchers to make better evidencebased decisions. The problem lists in BWH EHRs may already be better than those in many other organizations as a result of systematic efforts to improve them. 16, 20, 21 However, in this study, although problem list entries had a high PPV and specificity by themselves, these entries captured fewer than 40% of conditions that were found by the gold-standard chart reviews. Nevertheless, problem list entries were important components of algorithms designed to identify conditions. Continued maintenance of problem lists can be enhanced via EHR algorithm-identified suggestions. 16 Timely updates may help improve the value of EHR systems. In addition, utilizing multiple approaches to improve problem lists represents an important frontier in informatics, especially because problem lists are foundationally important for improving and measuring care quality. Our study has a number of limitations. One is the low sensitivity and NPV of many algorithms. However, for the intended purposes of the algorithms, selecting high-sensitivity algorithms at the expense of PPV and specificity would be inappropriate. Those algorithms would result in many false positive assessments that would decrease clinician trust in the algorithms, cause unnecessary interruptions to workflow, and waste the time and effort of population health management teams. A limitation of the EHR is that it does not perfectly capture all patient conditions. Some conditions are generally under-recorded (eg, alcohol abuse, use of over-the-counter medications such as NSAIDs). Items that are not recorded within the EHR cannot be captured by algorithms or chart reviewers. The data from EHRs that is extracted for the RPDR has a few additional limitations. The RPDR captures only a subset of all types of data captured by any underlying EHR system. For example, scheduling of upcoming visits is not included. However, the types of data used by resident physicians in their gold standard assessment of the conditions under investigation were included in the RPDR extracts we obtained. Due to the 6-to 8-week lag to extract, transform, and load updated data, RPDR data by itself can be limited for studies that require real or near-real time patient information. This study was conducted at a single site within one EHR, and the results might not be generalizable to other sites or EHRs. However, since the study was conducted, BWH has adopted a vendor-developed EHR that is very broadly utilized, so the general approach described in this paper should be broadly generalizable in the future.
Management of AF should include shared decision making between patients and their clinicians. 22 Patients may choose not to be treated after weighing the benefits and risks of anticoagulant treatment and the effects of the treatment on their quality of life, but ensuring that guideline-recommended treatment options are presented to patients when appropriate is critical, so that patients' decision making can be appropriately informed. We developed algorithms that use data from EHRs to identify patients with AF with strong indication for anticoagulation therapy. Algorithms such as these can be built into EHR systems to target population health management efforts toward complex patients with the greatest need for intervention as well as to facilitate informed decision making. These efforts would improve care quality directly as well as enable the measurement of care quality for this important condition as well as many others.
